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STATISTICAL IMAGE PROCESSING

Final Report
(for period June 1, 1979 to August 31, 1982)

Abstract

This report summarizes the major research work accomplished
under the contract including the topics of statistical image models,
comparative evaluation of image processing techniques, image
segmentation algorithms, two-dimensional maximum entropy spectral
analysis, and spatial clustering algorithms with applications to
artificial and remotely sensed images. Detailed list of
publications available in open literature is provided. A list
of software package generated is included in the Appendices. f?;—“
I. Introduction

This report is organized according to the topics we have worked
under this Contract. A brief summary of each is presented. Detailed
list of publications is provided in References. Over 40 technical
reports prepared under the Contract are not listed however as most
results documented in reports were published as listed in References.
Copies of two papers are included in the Appendices. A detailed
list of image processing software package generated is also included
in the Appendices. The program listings in magnetic tapes were

delivered to Dr. Doug DePriest in October 1981.

II. Major Research Results

1, Statistical image processing techniques for additive noise case
were compared. Median filtering followed by Kalman adaptive
filtering is most effective. For Seasat images the multicative
noise removal is considered by using local statistics. (Refs. 16,20)

2, Statistical image segmentation studies include the extensive
comparative evaluation of supervised and unsupervised segmentation
techniques for texture and infrared images. The segmentation is
performed by pixel classification. Both Fisher's linear discriminant
and the maximum a posteriori estimation procedures are found to be
very effective. Statistical techniques however are limited to pixel
based segmentations. (Refs. 4,9,10,12,13,14)

3. Statistical image modeling study is concerned with the auto-
regressive models and low order ARMA models. Such modeling leads to
image enhancement, segmentation and classification. These models
provide a nice way to take into account the contextual dependence
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among the nearest neighbors. The question remains whether the
object boundary should have a separate model from the remaining
homogeneous parts of the image. (Refs. 15,18)

4, An automatic spatial clustering algorithm has been developed
for image segmentation and compression. The algorithm can determine
the minimum number of clusters and can also work with a specified
number of clusters. The algorithm has been successfully tested with
various® images including USC image data base, Seasat images, and
U.S. Army topographic images. (Refs. 3,4)

5. A two-dimensional maximum entropy spectral analysis algorithm
was thoroughly developed and tested for texture image analysis,
classification, segemntation as well as general purpose spectral
computation based on limited number of data points. (Refs. 1,2,4,5,
6,8)

6. An initial effort of tracking image sequence was made by using
pixel classification for object extraction. Further study to model
the statistics of image variation is much needed. (Ref. &)

III References
The following is a list of publications by C.H. Chen with full
or partial support of Contract NOOO14-79-C-O0494,

1. "A study of texture classification using spectral features", Proc.
of the 6th INternational Conference on Pattern Recognition, pp.lO?h-
1077, Munich, Germany, Oct. 19-22, 1982,

One copy of the paper is attached as Appendix B of the report.

2. "Nonlinear Maximum Entropy Spectral Analysis Methods for Signal
Recognition", book, Research Studies Press, England, already published
in October, 1982.

3. "On a spatial clustering algorithm for image analysis", in Proc.

of NATO Advanced Research Workshop on Issues in Acoustic Signal/

Image Processing and Recognition, held in San Miniato, Italy, Aug.

5-9, 1982, and to be published by Springer-Verlag, Heidelberg, Germany,
January 1983, pp.309-314.

One copy of the paper is attached as Appendix C of the report.

4, “Efficient algorithms for digital processing of remotely sensed
imagery", presented at ONR Workshop on Signal Processing in the Ocean
Env ronment. Annapolis, Md., May 11-14, 1982, Full paper is to be
published in a proceedings volume.

5. "Digital Waveform Processing and Recognition", book. mostly authored
by C.H. Chen, CRC Press, Boca Raton, FL, January 1982,

6. "On a two-dimensional maximum entropy spectral estimation method
for the texture-image analysis", presented at the Computer Science and
Technology Conference, June 4-6, 1982 in Newton, MA.
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7. "Adaptive and learning algorithms for seismic detection of
personnel"”, IEEE Trans. on Pattern Analysis and Machine Intelligence,
vol. PAMI-M—. no. 2, pp. 129-132, March 1982.

8. "Spectral resolution of Fougere's maximum entropy spectral
analysis", Proc. of the IEEE, vol 69, no. 7, pp.839-841, July 1981.

9. "On the statistical image segmentation techniques", Proc. of
the IEEE Conference on Image Processing and Pattern Recognition,
pPp. 262-266, August 1981.

10. "A comparison of image segmentation techniques", Proc. of
International Conference on Cybernetics and Society, Atlanta, GA,
pp. 364-368, October 1981,

11. "A review of geophysical signal analysis and recognition", Proc.
of the 2nd International posium on Computer-aided Seismic Analysis
and Discrimination, pp. 144-152, August 1981.

12, "Statistical image segmentation", American Mathematical Society
Regional Meeting Special Session on Cluster Analysis, Oct. 17, 1981
at University of Massachusetts, Amherst, MA.

13. "Comparative evaluation of statistical image segmentation
techniques®, presented at the American Statistical Association
annual conference in Detroit, Michigan, August 1981.

14, "Object isolation with FLIR images using Fisher's linear
discriminant", Pattern Recognition journal, vol. 15, pp. 153-159,

May 1982.

15. "On two-dimensional ARMA models for image analysis", Proc. of
the 5th International Conference on Pattern Recognition, Mlaml
Beachp FL' PP- 1128"1131' Dec. 19800

16. "A comparison of statistical image processing techniques", Proc.
of the IEEE International Conference on Cybernetics and Society.
PP. 557-560, Oct. 1980,

17. "Learning in statistical pattern recognition", Proc. of the
IEEE Ingernational Conference on Cybernetics and Society, pp. 924-929,
Oct. 1980

18, "Statistical image models", presented at fhe Eastern Regional -
Conference of American Statistical Association and Biometrics Society,
Charlestown, S. Carolina, March 1980,

19. "Applications of statistical pattern recognition", Proc. of the
Statistical Computing Section of the American Statistical Association,
Dec. 1979.

20, "Statistical image processing and recognition", Proc. of the
IEEE COMPSAC, pp. 64-68, November 1979.
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Appendix A Master's Theses
The followirg is a list of master's theses completed under full
partial support of the Contract, under Prof. Chen's supervision.

W.H. Yang, "Automatic spatial clustering and target tracking",
July 1982,

G.K. Young, "Maximum entropy spectral analysis methods with
application to image recognition", May 1982,

S.J. Chern, "Time delay estimation and target motion analysis",
May 1982.

P.G. Ho, "Statistical image segmentation by computer®, July 1981.

R.H. Wu, "Statistical image segmentation and seismic analysis",
May 1981.

C. Yen, "Two new approaches to statistical signal and image
processing", April 1981.

ggY. Hu, "Study of a class of computer vision problems", August,

J. Chen, "Statistical techniques in seismic signal detection and
reconnaissance image analysis", May 1980.
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> A STUDY OF TEXTURE CLASSIFICATION USING SPECTRAL FEATURES

C. H. Chen

Electrical Engineering Department
Southeestern Massachusetts University
N. Dartmouth, Mass. 02TL7 U.S.A.

Abstract

Effort in the past on the use of spectral
features for discrimination of texture images has
had limited success and the feature measures com-
puted from the co-occurrence matrix are preferred.
In this paper the superiority of spectral features.
for texture classification is demonstrated. A new
tvo-dimensional maximum entropy spectral analysis
is developed which provides superior resolution
capability. Thus accurate power spectrum can be
determined from which various ring and wvedge
spectral features are computed in polar coordinates.
Extensive computer results reported indicate that
the spectral features so computed provide not only
a good measure of texture coarseness and direction-
ality, but also comparadble or better classification
performance than that reported earlier. A typical
performance of over 80 percent correct classifi-
cation is available from the extracted spectral
features by using the Fisher's linear discriminant
for classification. A set of normalized features
which use both ring and wedge features is particu-
larly recommended. Computationally the method
described in this paper is far better than the use
of co-occurrence matrix as the iterative algorithm
used for spectrum estimation is very fast, even
with the use of a minicomputer.

I. Introduction .

Although it is generally recognized that
texture images contain statistical, spectral and
structural domain information, the use of spectral
information alone can be quite effective in the
texture-image analysis studies such as texture ais-
crimination and segmetnation. Bajesy and Liberman
[1] expressed the power spectrum in polar coordi-
nates, then integrate over r and ¢ to obtain the
tvo-dimensional functions. The location of peaks
in these functions indicates prominant texture
coarseness and directionality. Weszka et.al. [2]
integrated the power spectrum within 16 spatial
frequency scues vhich wvere combinations of four l=-
octave frequency ranges and four 45° orientation
sectors. They also computed eight "contrast"
measures based on the cooccurrence matrix, and
obtained better discrimination than with the pover
spectrum measures. Laws [3] computed a number of
energy measures by filtering the texture with sets
of small linear operators, then squaring and summing
the output of each filter. He reported better

CH1801-0/82/0000/ 1074 $00.75 ® 1982 IEEE
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discrimination with the energy than with the co-
occurrence measures.

A fundamental problem with the power spectrum
analysis is the computational accuracy and compu-
tationel ecomplexity. For texture study, accurate
pover spectrum must be computed from the small
image segments. In this case, the two-dimensional
Fourier analysis cannot provide sufficient accuracy
as the Fourier analysis is more accurate with a
large number of pixels. The two~dimensional maximum
entropy spectral analysis, however, is very suitable
for a small number of pixels. The computational
complexity has been a drawback in using the two-
dimensional maximum entropy spectral estimation
methods. Recently, Lim and Malik [L) have proposed
an efficient iterative algorithm for the two-
dimensional maximum entropy pover spectrum esti-
mation which can obtain good resolution and suf-
ficient accuracy for the finite sample two-
dimensional data. A study of the spectral esti-
mation of texture image has been proved to de
successful [5) by using a minicomputer. 1In this
paper, this method is used for the calculation of
spectral features of texture image. In section II,
the tvo-dimensional maximum entropy power spectrum
estimation is briefly discussed. The method of
selection of features will be described in section
III while section IV provides some experimental
results of the textural classification.

II. Tvo-Dimensional Maximum Entropy Power
Spectrum Estimation

The basic concept of the maximum entropy method
{MEM) of spectral estimation is to extrapolete the
autocorrelation function of a random process by
maximizing the entropy H of the corresponding proba-
bility density function

w a
H= r J log Px(“I’ w,)dw, du,, (1)
wer e, .

vhere ﬁx("’l' 02) is the power spectrum estimate of

the random process x{n_, n,). The characteristics
of this method are equ}vsl nt to the autoregressive
signal modeling and the pover spectrum is calculated

by
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vhere A(nl, n,) is the autocorrelation whose powver
spectrum is 1/P(u1, "2) and A is a set of points
(nl, n2) where the autocorrelation is known.

Since the filter coefficients cannot be ob-
tained directly by solving the normal equation as
in the one~dimensional case, Lim and Malik de-
veloped a new iterative algorithm, using adaptive
filtering concepts. The basic idea of this algo-
rithm is on thé notion that the given correlation
point in region A is consistent and the correspond-
ing coefficient should be zero outside region A and
proceed this iteration repeatedly until an optimal
solution is obtained. That is, for a.given
Rx(nl,'nz) for (nl. na)t:A. determine Px(ul, ®

such that Px(wl, "’2) satisfy (2) and

o)

-

Rx(nl’ ne) «¥2 [Px(ul, ma)] for (nl, na)eA

A simple flowchart is shown in Fig. 1. We
begin with some initial estimate of A(nl, "2)‘

obtain the corresponding correlation function,
correct the resulting correlation for (nl, na)eA

with the known Rx(nl’ n,‘,), obtain the corresponding
A(nl, na) from the correct corrleation function,
and then replace the resulting l(nl, nz) with zero

for (nl. nz)cA. This completes one iteration and

the corrected A(nl, n2) is a new estimate of
x(nl, n2) '

In Lim and Malik's paper, the calculation of
the autocorrelation Rx(nl' n2) is limited to the

closed analytic form especially for the two-
dimensional sinusoids. A generalization of this
method and the application to a two-dimensional
real data have been discussed by Chen and Young[5].
Even for a small number of missing correlation
points, the algorithm can still provide an accurate
spectrun. Pigure 2a shows the spectrum of two
sinusoids (0.1234, 0.3456), (0.3125, 0.200) in
vhite noise, based on & 5x5 correlation data set,
st signl to noise ratio of 0.67. With the corre-
lation points (<1, -1) and (1, 1) missing, Pig. 2b
shovs the resulting spectrum which is nearly
identical to Fig. 2a.

III. Feature Selection and Classfication Method

Ve use two festures to classify the texture
images. It is generally recognized that a coarse
texture vill have a high value of power spectrum
near the origin while in & fine texture, the value
will be more spread out. Thus, if one wishes to
snelysze texture coarseness, s set of features that
should be useful are the averages of the pover-
spectrum values taken over & ring-shaped region
centered at the origin., In this paper, we consider
only the first quadrant of the power spectrum, then

/2 .
¢’ = r P (r, 68)ao (3)
o
for various values of r, the ring radius.

For the discrete case, this can be vwritten as

(for rings between radius r, snd r, ):

¢ = ) P (x,¥); 0 <xy<n-l
"t 2 2.2 * ’

r11x2+y <r, ()]
Similarly, it is well known also that the
angular distribution of power spectrum is sensitive
to the directionality of the texture in frequency
®w. A texture with many edges or lines in a given
direction 8 will have high values of power spectrum
around the perpendicular of 0 + x/2; while in a
nondirectional texture the spectrum should also be
nondirectional. Thus a good set of features for
analyzing the texture directionality should be the
averages of the power-spectrum values taken over
wedge-shaped regions centered at the origin, i.e.

) g -r P(r, 6)dr (s)
’ o
for the various values of 6, the wedge slope.

For the discrete case, this is (the wedge be-
tween 6. and 02) given by

1
A
%00 = ) Px(X. Y) (6)
172 -]
8,<tan y/x<92
O<x,y<n-1

The features calculated by (4) and (6) are sensitive
to size and orientation respectively, but not to
both. In order to obtain the comparable feature
sets, we obtain a set of equalized features by
taking the average over the intersection area of
rings and wedgns. These equalized features are
also studied in section IV. After the calculation
of features, the Fisher discriminant technique is
used for classification [6].

IV. Experimental Results

Because of the computational requirements of
the method and the limited memory capacity of the
PDP 11/45, all test samples are_stored in our DEC
20 system and sent through a communication line to
the PDP 11/45 for the spectrum computation. The
test samples are the texture images taken from the
USC data base. To verify the sensitivity both in
coarseness and directionality, we select some
textures that contain such informations. The test
samples contain six classes of texture (each one
has four samples) and are shown in Fig. 3. Each
data is a 32x32 array of gray level 0-255. The
pictures of class 1 reappear bu} are two times
larger in Fig. U(a). Figure L(b) is the correspond-
ing estimated power-spectrum display of the upper
left data in each class. The spectra of all classes
are different either in radial or angular
distribution [7]).
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The festure sets used in this paper are:

for (rl' ra) = (1a3)5 (396)’ (6012)1
(12,24), (24,48)

vedge: ¢, o for (e,, 8,) = (0,15), (15,30),

(30,‘.5), (h5’60)' (60’75)’
(15,90)

r. !’2

The maximum ring radius used is L8 since it already
covers most part of a 6Lx6li array power spectrum.

A combination feature of ring and wedge has
been tested for 30 pairs of feature values. Table
I shows part of features which did higher than 19
out of 2k correct, i.e., more than 80% correct.
Table II shows the best performing pairs using the
same kind of features (ring and ring, wedge and
wedge): there are € out of 25 pairs which
classified correctly higher then 75%. Other
pairs' results are concentrated near 12-17, i.e.,
more than 50%-correct recognition. For the pairs
that contain the wedge near the edges, the results
are very good since the test samples give some
directional information. Also for the rings a
little farther from the origin, the resultz are
better since it shows a large difference in the
spectrum value there.

Equalized features are also tested: we used
five rings intersected with three wedges (ring:
(1,3), (3,6), (6,12), (12,24), (24,48) and wedge:
(°a3°)9 (30,60)' (60.90))- 105 pa:lrs of features
have been tested. Table III shows the best per-
forming pairs of which the best score, 23 out of
24, is 95% correct. From the results, we can see
that the ring feature (24,48) gives very useful
classification information indicating that there
exists a large textural variation in that region as
the texture coarseness plays an important role in
the pair.

V. Biscussion

In this paper, we have observed that equalized
features did better than unequalized ones for this
test samples. It is shown that both the coarseness
and the directionality are important factors in
texture discrimination. For the consideration of
practical use in automatic classification, various
kinds of textures must be tested and compared with
other mathods using the non-gpectral features.
Another important factor which may influence the
results is that if we increase the autocorrelation
function and the discrete Fourier transform length
vhile estimating the power spectrum, the accuracy
and the resolution will be better. But there is a
tradeoff between the accuracy and the computational
tive. 1In this paper, these parameters (i.e., auto~
correlation function: Tx7, discrete Fourier trans-
form length: 32) are chosen for the real-time pro-
cessing purpose. Also the locations of the main
and second components of frequencies can serve as
snother important features because they vary among
different textures.
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Initial estimate of x(nl,n2)

‘ ‘ ~1 1
| »Ry(nl’n2) =¥ {Fh(nl,n )} } Features Number correctly
l- 2 classified
Rin Vedge
Correct R (n.,n,) with R_(n,,n,) for (n,,n, )eA 2DE
N e 1772 (24 ,48) (0,15) 22
( ) -1 1 ) El,g; 20,15; 21
A :n,) = F T(——T— 3, 0,15 20
1% l F[R (n, ,n,)] (1,3) (45,60) 19
flzéih) go,lz)) 19
—A(n, ,n.)= 0 for (n,,n YeA 3, 30,k45 19
. e 172 (3.6) (75.90) o
Px(ul’"2) = F[Ry(nl’na) ] Table I: Best performing pairs using the
combination feature of ring and wedge
* Higure 1 for those with more than 80% correct
classification.
g Features Number correctly
E: classified
;- Ring Ring
: (6,12) (2k,18) 20
: -~ (6,12) (12,24) 19
Wedge Wedge
(30,45) (15,90) 20
(15,30) (60,75) 18
(30,45) (60,75) 18
(45,60) (60,75) 18

Table II: Best performing pairs using seme kind
of features, for those with more than
T5% correct classification.

Features Number correct
classification
Ring N Wedge Ring N\ Wedge
(3,6) (0,30) (24,48) (0,30) 23
(12,24) (60,90) (24,48) (0,30) 23
(24,48) (0,30) (24,48)  (30,60) 22
(1,3) (0,30) (24,48)  (0,30) 22
(1,3) (30,60) (2u,48) (0,30) 22
(1,3) (60,90) (2k,48) (0,30) 22
(3,6) (30,60) (24,48) (0,30) 21
(3,6) (60,90) (24,58) (0,30) 21
(6,12) (0,30) (24,48)  (0,30) 21
) (12,24)  (30,60)  (24,48) —(0,30) 21
. (12,24) (0,30) (12,24) (60,90) 20
3 (1,3) (30,60) (6,12) (0,30) 20
y (1,3) (60,90) (6,12) (0,30) 20
F (12,24)  {0,30)  (24,48) (0.30) 20
;" (1,3) (0,30) (6,12) (0,30) 19
: (3,6) (0,30) (6,12) (0,30) 19
(3,6) (30,60) (6,12) (0,30) 19
(6,12) (0,30) (12,24) (60,90) 19

Fig. 4b Table III: Best performing pairs using equalized
features for those with more than 80%
correct classification.
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ON A SPATIAL CLUSTERING ALGORITHM FOR IMAGE ANALYSIS

Appendix C

C. H. Chen
Electrical Engineering Department
Southeastern Massachusetts University

North Dartmouth, MA 02747 U.S.A.

Abstract

A computationally efficient spatial clustering algorithm is presented for image
segmentation and compression. The algorithm can automatically determine the minimum
number of clusters and can also work on a specified number of clusters. Examples are

given on the processing of Seasat images using the algorithm.
Introduction

Besides the use of acoustic sensors, remotely sensed images can provide essential
information on the object extraction and tracking in the ocean environment. Seasat
SAR images are a good example. Many automatic image analysis algorithms have been
developed. Such algorithms are generally application dependent. For remote sensing
images, cluster analysis is important as it reveals the structure of the data from
which useful information can be derived. Conventional clustering methods do not
preserve the spatial relations in a image. Spatial clustering for image analysis has
been considered [1][2j. However feature extraction was not taken into account.
Furthermore the computation involved is quite extensive. A more efficient spatial
clustering algorithm is developed for minicomputer processing, that employs properly
selected features. The clustered image shows various regions (segments) from which
desired objects may be extracted. Furthermore considerable image data compression
is accomplished with essentially no loss of information. Examples are based exclu-

sively on Seasat images dealing with the ocean environment.

Algorithm for Spatial Clustering

The algorithm proceeds as follows:

(1) Form a feature set, for each pixel, consisting of local mean and gradient.
Other features may also be used.

(2) For each 2x2 subarea, measure the mean vector and dispersion.

(3) Determine the critical dispersion, and calculate the merging distance d.

(4) Merge adjacent subareas with distance less than d to form subregions. Calculate
the mean vectors of subregions.

(5) Group these mean vectors into clusters using K-mean algorithm which converges
to several cluster centers representing the mean vectors of regions.
For a given inter-region threshold distance, the algorithm can automatically

adjust to an appropriate number of clusters. If the number of clusters is specified

as in conventional cluster analysis, the algorithm will provide the specified number

of clusters.
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The image speckles in synthetic aperture are multiplicative in nature. Without
removing such noise, the cluster results may still be very noisy. A simple pre-
processing method is to use the Sigma filter suggested by J.S. Lee [3]. For each
5x5 (or 3x3) subarea the average gray level value is compared with the three-standard
deviation (30) of the normalized image histogram (first order probability density).
If the value is within 30 t'un the center pixel is replaced by the average value. If
the value exceeds 3o, then it is an indication of edges or object boundary and the
original gray level is retained. The procedure thus provides a compromise between
noise filtering and edge preserving and adds only slight amount of computation to

the clustering algorithm.

Computer Results

The original Seasat images are all of 256 gray levels. For convenience with
minicomputer processing the digitized pictures are all reduced to 256x256 pixels
even though the original images are much larger in size. The cluster algorithm is
set such that a maximum of 7 clusters is selected. Figure 1 is for the scene of a
ship off Chesapeake Bay. Figure la is the original. Figure 1lb is the spatially
clustered image. Figure lc has the histograms of original (left) and clustered
(right) images. Figure 1d uses the Sigma filter preprocessing with 3x3 subarea
while Fig. le is the corresponding result with 5x5 subarea. Preprocessing with 5x5
subarea followed by spatial clustering appears to be the best. Figure2 is the
scene of Anchorage, Alaska with Fig. 2a for original and Fig. 2b for 5x5 preprocess-
ing followed by spatial clustering. Figure 3 is the scene of Nantucket Shoals with
Fig. 3a for original, Fig. 3b for 5x5 median filtering aud Fig.3c for 5x5 pre-
processing followed by spatial clustering. Computer results all show that the
"natural' clusters of the original images are very much preserved while noises are
considerably reduced, and at the same time the contrast is enhanced, with the use of

the spatial clustering algorithm.
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Appendix D
APPENDIX PRESPA.FOR
L 2 2 33,22 1323223232 33 2212224123222 238823 33017
PRESPA.FOR ( WAS PREA4.FOR )
30-MAY-82 ( 300 SECTION : READ DATA FILE FROM TAPE )

27-APR-82
PROGRAMN TO READ A DISK FILE 256X256 PIXELS
OQUTPUT ITS FEATURE VECTORS, MEAN , GRADIENT
CR ORIGINAL INTENSITY , GRADIENT
CHOICE 3: READ DATA FROM TAPE
TO FORM NOF1 , NOF2 OUTPUT FILES
FEATURE 1 AND FEATURE 2 RESPECTIVELY

NOF2: OUTPUT DATA , GRADIENT, COMPONENT 2
IF CHOICE 1 OR 2 : READ DISK FILE NOF4
NOF4: INPUT DATA
ARRRAR AR RN AR RN AR RN R AARARNANANANAAARANARNE
INTEGER F(1024),F2(1024),CHOICE,IMEAN(256),IGRAD(256)
REAL DMEAN(256),DGRAD(256),4S1(256),%S2(256)
DATA NOF1,NOF2,NOF4/1,2,4/
1001 FORMAT(° PROGRAM PRESPA.FOR“/
2 ¢ PREPROCESSING IMAGE DATA TO FORM FEATURE
VECTIORS®/

acaaraanaOonntn

FOR AUTO SPATIAL CLUSTERING®/

OUTPUT: FTN1.DAT FEATURE COMPONENT 1°/
FTN2.DAT, FEATURE COMPONENT 2°/

CHOICES:“/° 1: LOCAL MEAN , LOCAL GRADIENT"/

2: ORIGINAL INTENSITY , LOCAL GRADIENT®/

32 COMPRESS A 2BY 2 SUBIMAGE INTO 1 PIXEL®/

® 4: READ TAPE DATA (NORGL*NORGP) TO

DISK(NOL*NOP)“/)

1002 FORMAT(I5)

1003 FORMAT(® ENTER INPUT AND OUTPUT FILES SIZE®/

= OO aW
LI T T T I )

1 ® NOLIN,NOPIN,NOL,NOP: FORMAT(41S5)°)
1004 FORMAT(4I5)
1 COKTINUE

WRITE(7,1001)

READ(5,1002)CHOICE

IF (CHOICE.LE.0.OR.CHOICE.CT.4) GOT0 1
60710 (50,50,300,400),CHOICE

50 CONTINUE
WRITE(7,1003)
READ(5,1004)NOLIN,NOPIN,NOL, NOP

C ORIGINAL INTEGER DATA FILE OF AN IMAGE
DEFINE FILE NOF4(NOLIN,NOPIN,U,INDX4)
NOL1=NOL-1
NOP1=NOP-1

c OUTPUT FILES, NOF1l , NOF2, INTEGER NUMBERS

DEFINE FILE NOF1(NOL,NOP,U,1INDX1)
DEFINE FILE NOF2(NOL,NOP,U,INDX2)
€010 (100,200),CHOICE

100 CONTINUE

NOF1: OUTPUT DATA , MEAN OR ORIGINAL GRAY LEVEL, COMPONENT

INPUT: FTN4.DAT OR TAPE -~ ORIGINAL GRAY LEVEL®/
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APPENDIX PRESPA.FOR

D0 90 I=1,NOL1

INDX4=1

READ(NOF4°INDX4)(F(K),K=1,NOPIN)

READ(NOF4°INDX4)(F2(X),K=1,NOPIN)

DO 70 J=1,NOP1

IMEANCJ)=(F(J)+F(J+1)+F2(J)+F2(J+1))/4

IGRAD(J)=(IABS(F(J)-F(J+1))+IABS(F2(J)-F(J)))/2

CONTINUE

IMEAN(NOP )=IMEAN(NOP1)

IGRAD(ROP )=IGRAD(NOP1)

INDX1=I

INDX2=1I

WRITE(NOF1°INDX1)(IMEAN(K),K=1,NOP)

WRITE(NOF2°INDX2)(IGRAD(K),K=1,N0P)

CONTINUE

WRITE(HROF1°INDX1)(IMEAN(K),K=1,NOP)

WRITE(NOF2°INDX2)(IGRAD(K),K=1,NOP)

GOT0 900

CONTINUE

CHOICE 23 SECTION

FEATURE: ORIGINAL INTENSITY , LOCAL GRADIENT

Da 290 I=1,NOL1

INDX4=I

READ(NOF4°“INDX4)(F(K),K=1,N0PIK)

READ(NOF4°INDX4)(F2(K),K=1,NOPIN)

DO 270 J=1,NOP1

IGRAD(J)=(IABS(F(J)-F(J+1))+IABS(F2(J)-F(J)))/2

CONTINUE

IGRAD(NOP)=IGRAD(NOP1)

INDX1=1I

INDX2=1

WRITE(NOF1°INDX1)(F(K),K=1,NOP)

WRITE(NOF2°INDX2)(IGRAD(K),K=1,NOP)

CONTINUE

WRITE(NOF1°INDX1)(F2(K),K=1,N0P)

WRITE(NOF2°INDX2)(IGRAD(K),K=1,NOP)

GOTO 900

CONTINUE

READ TAPE DATA FILE SECTION

NOLI,NOLF,NOPI,NOPF: COVER THE AREA INTERESTED

NOL, NOP: SIZE OF THE OUTPUT DATA IN FEATURE SPACE
EACH RECORD REPRESENTS 2 BY 2 ORIGINAL PIXELS

WRITE(7,1031)

FORMAT(® ENTER ORIGINAL TAPE FILE SIZE AND WHICH FILE IN

1 ® NORGL,NORGP,NTH ( FORMAT(316) ):°)
READ(5,1032)NORGL, NORGP,NTH

FORMAT(316)

WRITE(7,1033)

FORMAT(° WHICH PART OF IMAGE TO BE PROCESSED?°/
1 ° NOLI,NOLF,NOPI,NOPF: ( FORMAT(416) )°)
READ(5,1034)NOL I,NOLF,NOPI,NOPF

FORMAT (416)

NOL=(NOLF-NOLI+1)/2
NOP=(NOPF-HN0OPI+1)/2

AR S R S g
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1035

310
312

315

320

350
400

1041

1042

420
450
900

..............

.....

WRITE(7,1035)N0OLI,NOLF,NOPL,NOPF,NOL ,NOP
?DRHAT('602£CK: NOLI,NOLF,NOPI,NOPF,NOL,NOP"/
1  §

2 /° NOL X NOP WILL BE THE OUTPUT SIZE®)
DEFINE FILE NOF1(NOL,NOP,U,INDX1)

DEFINE FILE NOF2(NOL,NOP,U,INDX2)

REWIND NOF1

REWIND NOF2

SKIP THE PARTY NOT TO BE PROCESSED
NSKIP=NOLI-1

NOLI IS THE FIRST LIME T0 BE PROCESSED

IF (NSKIP.LT.1) GOTO 312

DO 310 I=1,NSKIP

CALL READUN(F,1,NTH)

CONTINUE

DO 350 I=1,NOL

DO 315 J=1,NOP

IMEAN(J)=0

IGRAD(J)=0

CONTINUE

CALL READUN(F,1,NTH)

CALL READUN(F2,1,NTH)

DO 320 J=1,NOP
IMEARC(J)=(F(NOPI+J+J=2)+F(NOPI+J¢J=-1)+F2(NOPI&J+J-2)+
1 F2(NOPI+J+J-1)) /4
IGRAD(J)=(IABS(F(NOPI+J+J-2)~-F(NOPI¢+J+J~-1))+
1 IABS(F(NOPI+Je¢J~2)-F2(NOPI+J¢J~2)))/2
CONTINUE

INDX1=1

INDX2=1

WRITE(NOF1°INDX1) (IMEAK(K),K=1,NOP)
WRITE(NOF2°INDX2)(IGRAD(K),K=1,NOP)

CONTINUE

G010 900

CONTINUE

READ TAPE DATA FILE TO FORM A COMPRESSED DISK DATA FILE
INPUT SIZE : NORGL BY NORGP PIXELS

OUTPUT SIZE: NOL BY NOP

WRITE(7,1041)

FORMAT(“ ENTER NORGL,NORGP,NOL,NOP,NOF,NTH®/
1 ¢ E«Ge.y 256,256,64,64,2,2°)
READ(5,1042) NORGL,NORGP ,NOL,NOP,NOF , NTH
FORMAT (616)

DEFINE FILE NOF(NOL,NOP,U,INDEX)
ITERL=NORGL/NOL

ITERP=NORGP/NOP

DO 450 I=1,NOL

DO 420 J=1,ITERL

CALL READUN(F,1,NTH)

WRITE(NOF “INDEX)(F(ITERP*K),K=1,NOP)
CONTINUE

GO0TO 900

CONTINUE

CALL EXIT

END

............
..................




[ WFEICT DU -

A

g " aied
paas o i

w4

Tos F. 4. a

Caai e L 2 s 4

APPENDIX SPABW.FOR

c - e

C 91123456789B123456789C123456789D123456789E123456789F12345678
9G12

c FILE NAME: SPABW.FOR

C AUTO SPATIAL CLUSTERING FOR BLACK/WHITE IMAGE DATA

C

C REFERENCE FUKADA,"™ SPATIAL CLUSTERING PROCEDURESFOR REGION
C ANALYSIS",PATTERN RECOGNITION,12,395-403,(1980).

C

c

c INPUTS: NOF1, FTN1.DAT, FEATURE 1

c NOF2, FTN2.DAT, FEATURE 2

c OUTPUTS:NOFC, FTN12.DAT, CLUSTERING RESULT FOR COLOR
DISPLAY

c NOFB, FTN11.DAT, CLUSTERING RESULT FOR BLACK/WHITE
c DISPLAY

c NOFF, FTN15.DAT, SOME PARAMETERS DURONG PROCESSING
c SIZE OF IMAGE IS RESTICTED TO 256 BY 256 IN FEATURE SPACE
c - e - -

LOGICAL*1 DDMMY(9)
REAL PREV(60,2),PRERO(60)
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK2/CKV(60,2),CN0(60),FKV(30,2),FNDO(30)
COMMON /BLOCK3/IA(256),1I8(256),A(256,2),8(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),IBW(256)
DATA NOF1,NOF2,NOFB,NOFC,NOFF/1,2,11,12,15/
1701 FORMAT(” RUNNING PROGRAM SPABW.FOR AUTO SPATIAL
CLUSTERING®/
1 INPUTS , OUTPUTS: NOF1,NOF2,NOFB,NOFC,NOFF®/
6 °* FOR CHECK:°*,515/

2 ®* NOFC , NOFB STORE TEMPORARY DATA DURING
PROCESSING®/

3 ® OUTPUTS: NOFC(REWRITTEN) 7 OR LESS COLORS®/

4 ¢ NOFB(REWRITTEN) BLACK AND WHITE
DISPLAY®/

S ¢ NOFF, INFORMATIONS DURING PROCESSING®)

1515 FORMAT(® MERGE ITERATION®,IS)
1520 FORMAT(® THE “,I5,°-TH ITERATION REACHES NAXINMUM NO.
CLUSTERS*/

1 ¢ NOe OF CLUSTERS:°,15)

1511 FORMAT(“ KERNEL CANDIDATE VECTORS FOR®,I4,° STARTING °,
1 *CLUSTER CENTERS®/)

1512 FORMAT(® ENTER IMAGE DATA FILE SIZE ( FEATURE SPACE )°/
1 ° NOL, NOP: FORMAT(2IS)°)

1513 FORMAT(2I5)
1514 FORMAT(® CHECK:NOL,NOP,NOL2,NOP2,NOLH,NOPH*/615)
1516 FORMAT(® ENTER OPTIONS: (IOP(K),K=1,10)°/

1 ¢ T0P(1): CONTROLS PRINTER, 13 MEANS , TRACE
MATRIX®/
2 ® 10P(2): K-MEANS ALGORITHM DETAILS ON SCREEN®/

3 ® JOP(3): MERGE DETAILS, LABEL(2,K) ARRAY®/




APPENDIX SPABW.FOR

4 ° 10P(4): NSTEP, NO. OF STEPS®/
S ® T0P(S): 1, SKIP K-MEAN ITERATION®/)

1517 FORMAT(1016)
1518 FORMAT(® TODAY IS °,9A1)

501

1
c
c
C
C
C
c
c
c
C
c

1522

REWIND NOFF

WRITE(7,1501)

WRITE(NOFF,1501)

CALL DATE(DDMNY)
WRITE(NOFF,1518)(DDMNY(K),K=1,9)
WRITE(7,1518) (DDMNY(K),K=1,9)
WRITE(NOFF,1701)NOF1,NOF2,NOFB,NOFC, NOFF
WRITE(7,1701)N0OF1,NOF2,NOFB,NOFC,NOFF
WRITE(7,1512)

WRITE(NOFF,1512)

READ(5,1513)NOLNOP

WRITE(7,1516)

WRITE(NOFF,1516)
READ(S,1517)(I0P(K),K=1,10)
WRITE(NOFF,1517)(10P(K),K=1,10)
'RITE(7’1511)(IOP(K)’K=1110)
NOL2=NOL+NOL

NOP2=R0OP+NOP

NOLH=NOL/2

NOPH=ROP/2
WRITE(NOFF,1514)NOL,NOP,NOL2,NOP2,NOLH, NOPH
WRITE(7,1514)N0L,NOP,NOL2,80P2,NOLH, NOPH
DEFINE FILE NOF1(NOL,NOP,U,INDX1)

DEFINE FILE NOF2(NOL,NOP,U,IRDX2)

DEFINE FILE NOFB(NOL,NOP,U,INDXB)

DEFINE FILE NOFC(NOL,NOP,U,INDXC)
NOFF=FTN15.DAT UNFORMATTED

REWIND NOF1

REWIND NOF2

REWIND NOFB

REWIND NOFC

FORMAT(® THIS IS THE LOG FILE OF EXECUTING SPABW.FOR")

CALCULATE MEANS OF FEATURE VECTORS OF 2 BY 2 SUBIMAGE
STORE IN NOFB: FIRST HALF ~- FEATURE 1 MEANS OF 128x128
SECOND HALF -- FEATURE 2 MEANS
128 X 128 SUBIMAGES EACH
IN NOFC: FIRST AND SECOND HALF ARE THE SAME, TRACES
CALL DISPER

FIND MAX , MIN OF TRACE MATRIX
CALL MAXMINCDMAX,DMIN)

MERGING SECTION

NSTEP=10P(4)

STEP=(DMAX~-DMIN)/FLOAT(NSTEP)
WRITE(7,1522)DMAX,DMIN, STEP
WRITE(NOFF,1522)DMAX,DNIN,STEP

FORMAT( " DHAX='1520.8,' 0"1.3.1520081' STE 3'182008)
IPREV=0

ITERATIONS TO FIND MAXIMUM NO. OF CLUSTERS
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DO 300 I=1,NSTEP
IN=I
WRITE(NOFF,1515)IM
CALL MERGE(INM,STEP,DMIN,NCLSR)
’ c ACCEPTED WO. OF CLUSTERS: 7 OR LESS
X IF (IPREV.LE.7.AND.IPREV.GT.1) 5070 333
: IPREY=NCLSR
: C SAVE CURRENY NUMBER OF CLUSTERS AND KERNEL VECTORS
. DO 200 J=1,IPREV
‘ : PRENO(J )=CNO(J)
PREV(J,1)=CK¥(J,1)
[ PREV(J,2)=CKV(J,2)
- 200 CONTINUE
‘ 300 CONTINUE
333 NI=IM-1
WRITE(NOFF,1520 )NI,IPREV
DO 350 J=1,IPREV
CNO(J)=PRENO(J)
CKY¥(Js1)=PREY(J,1)
CKV(J, 2)=PREV(J,2)
350 CONTINUE
WRITE(NOFF,1561)
1561 FORMAT(” MERGE ENDED WITH MAXIMUM NO. CLUSTERS®)
WRITE(NOFF,1562)((CKV(N,L),L=1,2),M=1,IPREV)
1562 FORMAT(“” BEFORE SORTING®/
1 * KERNEL CANDIDATE VECTORS®/
2 30((5X,2E20.8)7))
SORT THE CANDIDATE VECTORS
NC=IPREY
SORT THE CANDIDATE KERNEL VECTORS
CALL SORT(NC)
WRITECNOFF,1563 )((CKV(N,L),L=1,2),N=1,KC)
FORMAT(® SORTED KERNEL CANDIDATE VECTORS®/
1 30((5X,2E20.8)/))
IF (NC.GT.7) NC=7
FOR THE PURPOSE OF AED-512 PSEUDO COLOR DISPLAY
WRITECNOFF,1511)NC
IF (IOP(5)<EQ.1) SKIP THE K-MEAN ITERATIONS
DIRECTLY USE MERGING RESULT CADIDATE KERNEL VECTORS
TO CLASSIFY THE IMAGE
WRITE(7,1568)I0P(5)
FORMAT(® I0P(S)=°,15)
IF (10P(5).NE.1) GOTO 700
WRITE(7,1570)
FORMAT(® SKIP K-MEAN ITERATION®)
DO 650 N=1,NC
DO 640 L=1,2
FKV(N,L)=CKV(N,L)
CONTINUE
CONTINUE
G010 800 .
CONTINUE
WRITE(7,1580)
FORMAT(® CALLING KERVEC: K~MEAN ITERATION®)

ISy 4% SN DNt o0won * USRI abb:
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APPENDIX SPABW.FOR

c -
c ITERATIONS TO FIND MORE ACCURATE KERNEL VECTORS
C CALLED FINAL KERNEL VECTORS
CALL KERVEC(NC,KK,DD)
BRITE(NOFF,1500)KK,DD
1500 FORMAT(1X,"CLUSTERING REPEATS",1X,13,1X,°TIMES°/1X,
1°THE FINAL WITHIN-CLASS DISTANCE 1IS°,1X,E20.8/)
800 CONTINUE

CLASSIFICATION SECTION
OUTPUTS: NOFC, COLOR DISPLAY RESULT
NOFD, BLACK/WHITE DISPLAY RESULT
CALL CLASS(NC)
WRITE(NOFF,1523)
1523 FORMAT(10X,"11! COMPLETE EXECUTION OF PROGRAM SPABW 1#1°)
CALL EXIT
END

naoa

- SUBPROGRAMS

SUBROUTINE TO CALCULATE TRACE MATRICES OF FEATURE MATRICES
STORED IN NOFD
SUBROUTINE DISPER
COMMON /BLOCKO/10P(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK3/1IA(256),1B(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
REWIND NOF1
REWIND NOF2
REWIND NOFB
REWIND NOFC
C PROCESS THROUGH RONWS OF DATA MATRIX
DO 100 I=1,NOLH
12=1+1I~1
INDX1=12
INDX2=12
DO 40 JJI=1,2
Cc READ 2 LINES OF EACH FILE
READ(NOP1°INDX1)(IA(K),K=1,NOP)
DO 10 J=1,N0P
10 ACJ,JV)=FLOAT(IA(Y))
READ(NOF2°INDX2)(IB(K),K=1,N0P)
DO 20 J=1,N0P
20 B(J,JJ)=FLOAT(IB(J))
40 CORTINUE
Cc CALCULATION THROUGH EACH SUBIMAGE
DO 80 K=1,lNOPH
K1=K+K-1
K2=K1+¢1
S$1=0.
8$2=0.
DO 62 M=K1,K2
DO 60 L=1,2

e Rz Rz Kz Xs Xz Xx]

----------------------------------------------------
....................................................
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60
62

70

80

100

1001
1002
1004

aan

10

................

S1=S1+A(M,L)

$2=52+B(M,L)

CONTINUE

CONTINUE

AB“(21K11)351*0.25

ABM(2,K,2)=52*0.25

s1=0.

S2=0.

DO 72 M=K1,K2

DO 70 L=1,2
S1=S1¢(A(M,L)-ABM(2,K,1))**2
$2=S2¢(B(M,L)=-ABM(2,K,2))**2

CONTINUE

CONTINUE

TRACE(K)=(S51+4S2)*0.25

CONTINUE

INDXB=1

IF (10P(1).EWQ.1) WRITE(6,1001)(ABM(2,K,1),K=1,32)
WRITE(NOFBINDXB)(ABM(2,K,1),K=1,NOPH)
INDXB=1I+NOLH

IF (10P(1).EQ.1) WRITE(6,1002)(ABM(2,K,2),K=1,32)
BRITE(NOFB°INDXB)(ABM(2,K,2),K=1,N0PH)
INDXC=1

WRITE(NOFC INDXC)(TRACE(K),K=1,NOPH)
INDXC=1I+NOLH

IF (I0P(1).EQ.1) WRITE(6,1004)(TRACE(K),K=1,32)
WRITE(NOFC*INDXC)(TRACE(K),K=1,NOPH)
CONTINUE

FORMAT(® AM°,32F4.0)

FORMAT(® BM°,32F4.0)

FORMAT(”® TR",32F4.0)

RETURN

END

READ TRACE MATRIX TO FIND MAX , MIN

SUBROUTINE MAXMIN(DMAX,DMIN)

COMMON /BLOCKO/1IO0P(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK3/1IA(256),1B(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
REWIND NOFC

INDXC=1

READ(NOFC INDXC)(TRACE(K),K=1,NOPH)
DMAX=TRACE(1)

DMIN=TRACE(1)

DO 10 J=2,NOPH

IF (TRACE«J).Lf.DMIN) DMIN=TRACE(J)

IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)

CONTINUE

DO 100 I=2,NOLH

INDXC=1

READ(NOFC®INDXC)(TRACE(K),K=1,NOPH)

DO 30 J=1,NOPH

IF (TRACE(J).LT.DMIN) DMIN=TRACE(J)
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IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)
30 CONTINUE
100 CONTINUE
WRITE(7,1001)DMAX,DMIN
1001 FORMAY(/® DMAX=°,F12.4,° DMIN=",F12.4)
RETURN
END

MERGE AND DECIDE KERNEL CANDIDATE VECTORS

aacan

SUBROUTINE MERGE(IMRGE,DSTEP,DMIN,LLBS)
REAL FIRST(60)
COMMON /BLOCKO/I0P(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP, NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK2/CKV(60,2),CND(60),FKV(30,2),FNO(30)
CUMMON /BLOCK3/1IA(256),1IB(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
COMMON /BLOCKS5/LABEL(2,128),ICOLOR(256),IBW(256)
1502 FORMAT(30(/° CNO(N):",F12.1))
1503 FORMAT(® *FMIN, DMRGE:",2E20.8)
1504 FORMAT(/° IMRGE:",IS)
1505 FORMAT(® FIRST SUBIMAGE:“)
1506 FORMAT(® JUIN CLUSTER NL:°)
1507 FORMAT(" NEW CLUSTER:®)
1508 FORMAT(° LLBS.GE.60°)
1532 FORMAT(15X, “THETA®,7X,* SIGMA-SQUARE~®,3X,*
MERGING-DISTANCE:"/
1 3E20.8)
1533 FORMAT(® K,LLBS,TRACE(K),THETA,DMRGE:"/215,3E20.8)
REWIND NOFB
RENIND NOFC
c FOR EACH ITERATION: ZERO OUT THE VARIABLES
DO 20 J=1,60
CNO(J)=0.
DO 10 L=1,2
CKV(J,L)=0.
10 CONTINUE
20 CONTINUE

LLBS=0
c DMIN: SIGMA-SQUARE
c THETA: SOME THETA
c DMKGE? MERGING DISTANCE

THETA=DMIN+#DSTEP*FLOAT( IMRGE)
DMRGE=SQRT(4+/3 *(THETA-DMIN))
WRITE(NOFF,1532 )THETA,DMIN,DMRGE
WRITE(7,1504) IMRGE

C GO0 THROUGH SUBIMAGES AND LABEL THEM WwITH CLUSTERS
U0 300 J=1,NOLH
IF (J.GT.1) GOTO 35

C J=1 ¢ CASE OF FIRST LINE OF SUBIMAGES
DO 30 K=1,NOPH
LABEL(2,K)=0
DO 30 L=1,2

30 lBM(l,K’L)=0-
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GOT0 45

35 CONTINUE

c GET PREVIOUS LINE OF SUBIMAGES IN RGBM ARRAY
DO 40 K=1,NOPH
DO 40 L=1,2

40 ABM(1,K,L)=ABM(2,K,L)
45 CONTINUE
INDXB=J
READ(NOFB*INDXB)(ABM(2,K,1),K=1,NOPH)
INDXB=J+NOLH
READ(NOFB”INDXB)(ABM(2,K,2),K=1,NOPH)
c INTIAL LABEL FOR EACH SUBIMAGE
DO 50 K=1,NOPH
LABEL(1,K)=LABEL(2,K)
LABEL(2,K)=0
50 CONTINUE
INDXC=J
READ(NOFC“INDXC)(TRACE(K),K=1,NOPH)
c GO THROUGH IMAGES ONE BY ONE
DO 201 K=1,NOPH
IF (I0P(1).EQ.9) WRITE(7,1533)K,LLBS,TRACE(K),THETA,DMRGE
IF (LLBS.GE.60) WRITE(7,1508)
IF (LLBS.GE.60) GOTO 900

c CHECK IF THE TRACE OF CURRENT SUBIMAGE > THETA
IF (TRACE(K).GT.THETA) GOTO 200
c SKIpP
IF (J.GT.1) GOTO 52
c J=12 FIRST LINE OF SUBIMAGES
c THE FIRST LINE SECTION: CONSIDERING THE NEIGHBOR
M1=2
M2=2
K1=K-1
K2=K
GO0T0 54
52 CONTINUE
c NOT THE FIRST LINE; SO PREVIOUS LINE EXISTS
Ml=1
M2=2
K1=K
K2=K
54 CONTINUE
c CHECK IF FIRST SUBIMAGE OR NOT
IF (LL8S.EQ.0) GOTO 90
IF (LABEL (M1,X1).EQ.0) GOTO 55
c POTENTIAL NEIGHBOR NOT LABELLED, DIRECTLY CHECK CLUSTERS
c LABEL(M1,K1) NEIGHBOR HAS BEEN LABELLED
c AND SPATIAL CLUSTERING SHOULD BE APPLIED
DIFF=0.
DO 62 L=1,2

62 DIFF=DIFF+(ABM(M1,K1,L)-ABM(M2,K2,L))**2
DIFF=SQRT(DIFF)
IF (DIFF.GT.DMRGE) GOTO 55

c WITHIN MERGING DISTANCE ?
LABEL(M2,K2)=LABEL (M1,K1)
NL=LABEL(M1,K1)
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” LABEL(M2,K2)=NL
“ CNO(NL )=CNO(NL)+1.
00 64 L=1,2
64 CKV(NL, L)=(CKV(NL,L)*(CNO(NL)-1.)+ABM(M2,K2,L))/CNO(NL)
GOTO 200
55 CONTINUE
DO 58 N=1,LLBS
DIFF=0.
DO 56 L=1,2
) DIFF=DIFF+(CKV(N,L)-ABM(2,K2,L))**2
‘ 56 CONTINUE
FIRST(N)=SQRT(DIFF)
58 CONTINUE
: CALL DISMIN(FIRST,FMIN,NL,LLBS)
) IF (FMIN.GT.DMRGE) GOTO 90
L] IF (I0P(1).EQ.9) WRITE(7,1503)FMIN,DMRGE

c LABEL CURRENT SUBIMAGE WITH CLOSEST CENTER
LABEL(M2,K2)=NL
C UPDATE NO. OF SUBIMAGES OF CURRENT CLUSTER
CNO(NL )=CNO(NL)+1.
c UPDATE MEAN VECTOR OF THIS CLUSTER
[ DO 60 L=1,2
= CKV(NL,L)=(CKV(NL,L)*(CNO(NL)~1.)+ABM(2,K2,L))/CNO(NL)

60 CONTINUE
IF (10P(1).EQ.9) WRITE(7,1506)
GOT0 200

c NEW CLUSTER SECTION

90 CONTINUE
LLBS=LLBS+1

c UPDATE OF SUBIMAGES OF THIS CLUSTER
CNO(LLBS)=CNO(LLBS)+l1.
c UPDATE NEW CLUSTER VECTOR
DO 92 L=1,2
92 CKV(LLBS,L)=ABM(M2,K,L)
4 200 CONTINUE

201 CONTINUE
250 CONTINUE
- C CHECK CURRENT LINE®S LABELS
N IF (IOP(3).EQ.1) WRITE(7,1545)(LABEL(2,K),K=1,32)
y 300 CONTINUE
900 CONTINUE
IF (10P(1).EQ.9) WRITE(7,1502)(CNO(N),N=1,LLBS)
If (I0P(1).EQ.9) WRITE(7,1501)IMRGE,LLBS
WRITE(NOFF,1501)IMRGE,LLBS
1545 FORMAT(® LABEL®,32I2)
1501 FORMAT(/® MERGE ITERATION:“,IS5,” END WITH LLBS: °,15/)
RETURN
END

SORTING THE KERNEL VECTORS

aaQaah

SUBROUTINE SORT(NCLRS)
REAL TEMP(2)
CUMMON /BLOCKO/I0P(10),NOF1,NOF2,NOFB,NOFC,NOFF

..................
-------------
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COMMON /BLOCK2/CKV(60,2),CNO(60),FKYV(30,2),FNO(30)
DO 30 I=2,NCLRS

I12=NCLRS+1~-]

DO 20 J=1,12

IF (CKV(J+1,1).GE.CKV(J,1)) GOTO 20

po 10 L=1’2

TEMP(L)=CKV(J+1,L)

CKV(J+1,L)=CKV(J,L)

CKV(J,L )=TEMP(L)

CONTINUE

CONTINUE

CONTINUE

WRITE(NOFF,1533)

FORMAT(/° SORTING CANDIDATE KERNEL VECTORS®/)
RETURN

END

TO FIND FINAL KERNEL VECTORS
LIMIT TO 10 ITERATIONS

SUBROUTINE KERVEC(NC,KK,DIS)

DIST ARRAY STORES THE TOTAL DISTANCES OF ITERATIONS
C ARRAY STORES NUMBER OF PIXELS FOR EACH CLUSTER
D ARRAY STORES TEMPORARY DISTANCES TO CLUSTER CENTERS

FOR CURRENT PIXEL BEING PROCESSED

REAL DIST(10),FIRST(60)

COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH

COMMON /BLOCK2/CKV(60,2),CND(60),FKV(30,2),FRO(30)
COMMON /BLOCK3/IA(256),1B(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABN(2,128,2),TRACE(128)
COMMON /BLOCKS5/LABEL(2,128),ICOLOR(256),1B¥(256)

FORMAT(” IN KERVEC, 2°,15)

FINAL KERNELVECTORS SAVED IN FKV ARRAY

FNO STORE NO. OF PIXELS IN EACH CLUSTER

K-MEANS ALGORITHM

10-JUN-82 CORRECT IMPLEMENTATION

REFERENCE: TOU AND GONZALEZ,* PATTERN RECOGNITION
PRINCIPLES"™, PP.94-97,(1974).

DO 12 N=1,NC

FNO(N)=CNO(N)

CNO(N)=0.

b0 10 L=1,2

FKV(N,L)=CKV(N,L)

CKV(N,L )=0.

CONTINUE

CONTINUE

NO. OF ITERATIONS LIMIT TO 10

DO 500 KK=1,10

MRITE(T, 1020)KK

WRITE(NOFF,1020)KK

DO 15 N=1,NC

FNO(N)-’O.

REWIND NOF1
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200

250
260

1503

1506

REWIND NOF2

REWIND NOFB

FOR EACH ITERATION:

REWIND THE FEATURES FILES: A , B COMPONENTS

REWIND THE TEMPORARY CLASSIFIED RESULT FILE, NOFPS
CLASSIFYING STANDARDS IN FKV ARRAY

AT THE SAME TIME, COLLECTING THE NEW CENTERS IN CKV ARRAY
1.E«., UPDATING THE KERNEL VECTORS BY CURRENT CLUSTERING
ICOLOR ARRAY STORES CLASSIFIED RESULT OF CURRENT LINE
DO 200 I=1,NOL

INDX1=1

READ(NOF1°INDX1)(IA(K),K=1,NOP)

INDX2=1

READ(NOF2°INDX2)(1IB(K),K=1,HN0P)

DO 20 J=1,NOP

AB(J,1)=FLOAT(IA(J))

AB(J,2)=FLOAT(1IB(J))

CONTINUE

GO THROUGH PIXELS TO LABEL THEM WITH CLUSTERS

DO 100 J=1,NOP

DO 40 N=1,NC

SUM=0.

DO 30 L=1,2

SUM=SUM+(AB(J,L)-FKV(N,L))**2

FIRST(N)=SQRT(SUNM)

CALL DISMIN(FIRST,FMIN,NN,NC)

ICOLOR (J)=NN

CNO(NN)=CNO(NN)+1.

CURRENT PIXEL WAS FOUND CLOSER TO NN-TH CLUSTER
THE FEATURES SHOULD BE INCLUDED TO UPDATE THE NN-TH
KERNEL VECTOR

pa 70 L=1,2
CKV(NN,L)=(CKV(NN,L)*(CNO(NN)-1.)+AB(J,L))/CNO(NN)
CORTINUE

INDXB=1

IF (I19P(2).EQ.1) WRITE(7,1505)(ICOLOR(K),K=1,64)
WRITE(NOFB“INDXB)(ICOLOR(K),K=1,NOP)

CONTINUE

CURRENT IN CKV3; STORE IN FKV TO BE USED TD CLASSIFY
IN ROUTINE DISTAN, AND WILL GIVE TOTAL DISTANCE

DO 260 N=1,NC

FNO(N)=CNO(N)

CNO(N)=0.

DO 250 L=1,2

FKV(N,L)=CKV(N,L)

CKV(N,L )=0.

CONTINUE

CONTINUE

WRITE(NOFF,1503 )((FKV(N,L),L=1,2),N=1,NC)

FORMAT( /10X, °CHECK FKV: °/

130((5X,2E20.8)/))

WRITE(NOFF,1506)(FNO(N) ,N=1,NC)

FORMAT("® OF PIXELS IN EACH CLUSTER:“/

1 30(/F12.1))

AXRNRNAR
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CALL DISTAN(NC,DIS)

c REANRANE
DIST(KK)=DIS
WRITE(7,1504)DIST(KK),KK
WRITE(NOFF,1504)DIST(KK),KK

1504 FORMAT(/° IN KERVEC: DIST(KK)=°,E20.8,° KK=°,12/)
IF(KK.EQ.1)60 TO 500
RATIO=(DIST(KK)-DIST(KK-1))/DIST(KK-1)
WRITE(NOFF,1005)RATIO
IF(ABS(RATIO).LT.0.001) GOTQO 900

500 CONTINUE

900 CONTINUE

1005 FORMAT(® RATIO IN KERVEC:°,E20.8)

1505 FORMAT(® COLOR:",64I1)
RETURN
END

USE CURRENT KERNEL VECTORS TO CALCULATE THE TOTAL
DISTANCE OF THE IMAGE

NC: NUMBER OF CLUSTERS

DISTOT: ( RESULT ) TOTAL DISTANCE

aaaaonana

SUBROUTINE DISTAN(NC,DISTOT)
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,MN0P2,NOLH,NOPH
COMMON /BLOCK2/CKV(60,2),CND(60),FKV(30,2),FNO(30)
COMMON /BLOCK3/IA(256),1B(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),18W(256)
DISTOT=0.
REWIND NOF1
REWIND NOF2
REWIND NOFB
DO 200 I=1,NOL
INDXB=1
READ(NOFB“INDXB)(ICOLOR(K),K=1,NOP)
INDX1=I
READ(NOF1°INDX1)(IA(K),K=1,NOP)
INDX2=1
READ(NOF2°INDX2)(IB(K),K=1,NOP)

C STORE FEATURE VECTOR IN WORKING VARIABLE X
DO 10 K=1,NOP

: AB(K,1)=FLOAT(IA(K))

' AB(K,2)=FLOAT(IB(K))

L 10 CONTINVUE

- DO 100 J=1,NOP

NCLSR=ICOLOR(J)

SUM=0.

DO 30 L=1,2

- SUM=SUM+(AB(J,L)-FKV(NCLSR,L))**2

H 30 CONTINUE

- DISTOT=DISTOT+SQRT(SUM)

X 100 CONTINUE

- 200 CONTINUE
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1501

Qa6

1505

1501
1509

10
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WRITE(NOFF,1501)DISTOT

FORMAT(/° IN DISTAN: DISTOT = “,E20.8/)
RETURN

END

USE THE FINAL KERNEL VECTORS TO CLASSIFY THE IMAGE
INTO CLUSTERS ( SUBREGIONS )

SUBROUTINE CLASS(NC)

REAL FIRST(60)

COMMON /BLOCKO/IOP(10),NOF1,NOF2,N0OFB,NOFC,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,N0P2,NOLH,NOPH
COMMON /BLOCK2/CKV(60,2),CNO(60),FKV(30,2),FNO(30)
COMMON /BLOCK3/1IA(256),18(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
COMMON /BLOCKS/LABEL(2,128),1COLOR(256),1IB&(256)
WRITE(NOFF,1505)

FORMAT(/° IN CLASS:°/)
WRITE(7,1501)((FKV(N,L),L=1,2),N=1,RC)
WRITE(NOFF,1501)((FKV(N,L),L=1,2),N=1,NC)
FORMAT(10X,° FINAL KERNEL VECTERS :°/(30(5X,2E20.8/7)))
FORMAT(1X,6411)

USE FINAL KERNAL VECTORS TO CLASSIFY THE PICTURE
NOFC: INTEGER OUTPUT; NOFD: REAL OUTPUT

REWIND NOF1

REWIND NOF2

REWIND NOFB

REWIND NOFC

RANGE OF FINAL RESULT 0..180

FACT=180./FLOAT(NC)

DO 200 I=1,NOL

INDX1=]

INDX2=1

READ(NOF1°INDX1)(IA(K),K=1,NOP)
READ(NOF2°INDX2)(IB(K),K=1,N0P)

DO 10 J=1,NOP

AB(J,1)=FLOAT(IA(J))

AB(J,2)=FLOAT(IB(J))

CONTINUE

DO 100 J=1,NOP

DO 40 N=1,NC

SUM=0.

DO 30 L=1,2

SUM=SUN#(AB(J,L)-FK'(N,L))**Z

CONTINUE

FIRST(N)=SQRT(SUM)

CONTINUE

DISTANCES TO FINAL KERNEL VECTOS OF NC CLUSTERS
FROM CURRENT PIXEL ARE STORED IN DIS ARRAY,
CALLING SUBROUTINE DISMIN TO FIND TO WHICH CLUSTER
THE CURRENT PIXEL IS CLOSER ( MINIMUM DISTANCE ).
THE RESULT 1S KMIN-TH CLUSTER

CALL DISMIR(FIRST,SMIN,/,NMIN,NC)
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BLACK AND WHITE DISPLAY PURPOSE: NEEDS TO MULTIPLY A FACTIOR
TO BE IN REASONABLE GRAY LEVEL RANGE
IBH(J)=INT(PLOAT(NMIN)*FACT)

COLOR DISPLAY PURPOSE: AN INTEGCER IN RANGE 1 T0 7
ICOLOR (J)=NMIN

CONTINUVE

INDXB=1

WRITE(NOFB-INDXB)(IBW(K),K=1,NOP)

INDXC=]

WRITE(NOFC°INDXC)(ICOLOR(K),K=1,N0P)

IF (I.LE.64) WRITE(7,1509)(ICOLOR(K),K=1,64)

1F (1.LE.64) WRITE(NOFF,1509)(ICOLOR(K),K=1,64)
CONTINUE

RETURN

END

SUBROUTINE DISMIN(DARRY ,DATMIN,NOMIN,NCLSTR)

PASS DARRY ARRAY WITH NCLSTR ELEMENTS MEANINGFUL

SEARCH FOR THE MINIMUM ELEMENT, NOMIN-TH ELEMENT,

WITH VALUE DATMIN; PASS BACK DATMIN AND NOMIN BACK
CALLING ROUTINE

REAL DARRY(60)

DATMIN=DARRY(1)

NOMIN=1

ASSUME THE FIRST ELEMENT IS THE MINIMUM

THEN GO THROUGH THE REST OF THE ARRAY TO FIND ANMY SMALLER
IF (NCLSTR.EQ.1) GOTO 900

DO 100 I=2,NCLSTR

IF (DARRY(I).GE.DATMIN) GOTO 100

DATMIN=DARRY(I)

NOMIN=I

CONTINUE

CONTINUE

RETURN

END

............
...............
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FILE NAME: SPACLR.FOR
AUTO SPATIAL CLUSTERING FOR COLOR IMAGE DATA

REFERENCE FUKADA,™ SPATIAL CLUSTERING PROCEDURESFOR REGION
ANALYSIS",PATTERN RECOGNITION,12,395-403,(1980).

INPUTS: NOF1, FTN1.DAT, FEATURE 1
FTN2.,DAT, FEATURE 2

NOF3, FTN3.DAT, FEATURE 3

OUTPUTS:NOFC, FTN12.DAT, CLUSTERING RESULT FOR COLOR

ISPL AY

NOFD, FTN11.DAT, CLUSTERING RESULT FOR BLACK/WHITE
DISPLAY

NOFF, FTN1S.DAT, SOME PARAMETERS DURONG PROCESSING

SIZE OF IMAGE IS RESTICTED TO 256 BY 256 IN FEATURE SPACE

a0 annn
-
o
w
N
N

LOGICAL*1 DDMMY(9)

REAL PREV(60,3),PRENO(60)

COMMON /BLOCKO/IOP(10),NOF1,NOF2,NKOF3,NOFC,NOFD,NOFF

COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH

COMMON /BLOCK2/CKV(60,3),CND(60),FKY(30,3),FNO(30)

COMMON /BLOCKI/IR(256),16(256),1B(256),RGB(256,3)

COMMON /BLOCK4/RGBM(2,128,3),TRACE(128)

COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),1Bu(256)

COMMON /BLOCK6/R(256,2),6(256,2),B(256,2)

DATA NOF1,NOF2,NOF3,NOFC,NOFD,NOFF/1,2,3,12,11,15/
1701 FORMAT(°® RUNNING PROGRAM SPACLR.FOR AUTO SPATIAL

CLUSTERING®/

1 ® INPUTS , OUTPUTS: NOF1,NOF2,NOF3,NOFC,NOFD,NOFF*/

6 ° FOR CHECK:“,6I5/

2 ® NOFC , NOFD STORE TEMPORARY DATA DURING
PROCESSING*/

3 ° QUTPUTS: NOFC(REWRITTEN) 7 OR LESS COLORS®/

4 ° NOFD(REWRITTEN) BLACK AND WHITE
DISPLAY®/

5 ° NOFF, INFORMATIONS DURING PROCESSING®)
1515 FORMAT(® MERGE ITERATION,IS)
1520 FORMAT(® THE °“,15,°-TH ITERATION REACHES MAXIMUM NO.
CLUSTERS*/

1 ® NO. OF CLUSTERS:",15)
1511 FORMAT(”" KERNEL CANDIDATE VECTORS FOR®,I4,° STARTING °,

1 “CLUSTER CENTERS®/)
1512 FORMAT(” ENTER IMAGE DATA FILE SIZE ( FEATURE SPACE )°/

1 ® NOL, NOP: FORMAT(2I5)°)

1513 FORMAT(2IS)
1514 FORMAT(® CHECK:NOL,NOP,NOL2,NOP2,NOLH,NOPH"/615)
1516 FORMAT(® ENTER OPTIONS: (IOP(K),K=1,10)°/
1 ® TI0P(1l): CONTROLS PRINTER, 1: MEANS , TRACE
MATRIX®/

----------------
.........
...........
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10P(2): K-MEANS ALGORITHM DETAILS ON SCREEN‘/
I0P(3): MERGE DETAILS, LABEL(2,K) ARRAY®/
T0P(4): NSTEP, NO. OF STEPS°/
c I0P(S): 1, SKIP K~-MEAN ITERATION®/)
1517 FORMAT(1016)
1518 FORMAT(® TODAY IS °,9A1)
REWIND NOFF
WRITE(7,1501)
WRITE(NOFF,1501)
CALL DATE(DDMMY)
WRITE(NOFF,1518)(DDMMY (K),K=1,9)
WRITE(7,1518) (DDMMY(K),K=1,9)
WRITE(NOFF,1701)NOF1,NOF2,NOF3 ,NOFC, NOFD,NOFF
WRITE(7,1701)NOF1,MNOF2,NOF3,NOFC,NOFD,NOFF
WRITE(7,1512)
MRITE(NOFF,1512)
READ(5,1513)NO0OL ,NOP
WRITE(7,1516)
WRITE(NOFF,1516)
WRITE(NOFF,1517)(1I0P(K),K=1,10)
BRITE(7,1517)(10P(K),K=1,10)
NOL2=NOL+NOL
NOP2=N(OP+NOP
NOLH=NOL/2
NOPH=NOP/2
WRITE(NOFF,1514)NOL,NOP,NOL2,R0P2,NOLH, NOPH
WRITE(7,1514)N0OL,NOP,NOL2,N0P2,NOLH, NOPH
DEFINE FILE NOF1(NOL,NOP,U,INDX1)
DEFINE FILE NOF2(NOL,NOP,U,INDX2)
DEFINE FILE NOF3(NOL,NOP,U,INDX3) i
DEFINE FILE NOFC(NOL,NOP,U,INDXC) '
DEFINE FILE NOFD(NOL,NOP,U,INDXD)
c NOFF=FTN15.DAT UNFORMATTED
REWIND NOF1
REWIND NOF2
REWIND NOF3
REKIND NOFC
REWIND NOFD
501 FURHAT(' THIS IS THE LOG FILE OF EXECUTI.G SPACLR-FUR')
CILCULATE MEANS OF FEATURE VECTORS OF 2 BY 2 SUBIHAGE
STORE IN NOFC AND HALF NOFD 128 BY 128 SUBIMAGES
IN NOFC: FIRST HALF IS R MEANS, SECOND HALF IS G MEANS
IN NOFD: FIRST HALF IS B MEANS, SECOND HALF IS TRACES
CALL DISPER

NN

FIND MAX , MIN OF TRACE MATRIX
CALL HAXHIN(DHAX,DMIN)

HERGING SECTION

NSTEP=10P(4)
STEP=(DMAX-DMIN)/FPLOAT(NSTEP)
WRITE(7,1522)DMAX,DMIN,STEP
WRITE(NOFF,1522)DMAX,DMIN,STEP

an ano aocant e

.........................................................
LY




i as _aar o ne o aRoe e ~wr Lol St gt i Mt Al Raath i i A Ikt B S St A e e ovan b ainns-as St S

APPENDIX SPACLR.FOR

1522
c

200
300
333

350
1561
1562

1563

aaa o

1568

1570

640

* .
''''''''''''

FORNAT( ° DMAX=°,E20.8,° DMIN=°,E20.8,° STEP=",£20.8)
IPREV=0

ITERATIONS TO FIND MAX1MUM NO. OF CLUSTERS
DO 300 I=1,MSTEP

IMN=]

WRITE(NOFF,1515)IM

CALL MERGE(IM,STEP,DMIN,NCLSR)

ACCEPTED NO. OF CLUSTERS: 7 OR LESS

IF (IPREV.LE.7.AND.IPREV.GT.1) GOTO 333
IPREV=NCLSR

SAVE CURRENT NUMBER OF CLUSTERS AND KERNEL VECTORS
DO 200 J=1,1PREV

PRENO(J )=CNO(J)

PREV(J,1)=CKV(J,1)

PREV(J,2)=CKV(J,2)

PREV(J,3)=CKV(J,3)

CONTINUE

CONTINUE

NI=IM-1

WRITE(NOFF,1520 )NI, IPREV

DO 350 J=1,IPREY

CNG(J)=PRENO(J)

CKV(J,1)=PREV(J,1)

CKV(J,2)=PREV(J,2)

CKV¥(J,3)=PREV(J,3)

CONTIRUE

WRITE(NOFF,1561)

FORMAT(® MERGE ENDED WITH MAXIMUM NO. CLUSTERS®)
WRITE(NOFF,1562)((CKV(N,L),L=1,3),N=1,IPREV)
FORMAT(® BEFORE SORTING”/

1 ® KERKEL CANDIDATE VECTORS®/

2 30((5X,3E20.8)/))

SORT THE CANDIDATE VECTORS

NC=IPREV

SORT THE CANDIDATE KERNEL VECTORS

CALL SORT(NC)
WRITE(NOFF,1563)((CKV(N,L),L=1,3),N=1,NC)
FORMAT(® SORTED KERNEL CANDIDATE VECTORS®/

1 30((5X,3E20.8)7))

FOR THE PURPOSE OF AED-512 PSEUDO COLOR DISPLAY
WRITE(NOFF,1511)NC

IF (IOP(5).EQ.1) SKIP THE K-MEAN ITERATIONS
DIRECTLY USE MERGING RESULT CADIDATE KERNEL VECTORS
TO0 CLASSIFY THE IMAGE

WRITE(7,1568)10P(5)

FORMAT(°® 10P(5)=",15)

IF (10P(5).NE.1) GOTO 700

MR ITE(7,1570)

FORMAT(® SKIP K-MEAN ITERATION®)

DO 650 N=1,NC

DO 640 L=1,3

FKV(N,L)=CKV(N,L)

CONTINUE

____________________
..........
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650 CONTINUE

GOTO 800
700 CONTINUE
WRITE(7,1580)
1580 FORMAT(“ CALLING KERVEC: K-MEAN ITERATION®)
c - - - —mcccccane -
c ITERATIONS TO FIND MORE ACCURATE KERNEL VECTORS
C CALLED FINAL KERNEL VECTORS

CALL KERVEC(NC,KK,DD)
WRITE(NOFF,1500)KK,DD
» 1500 FORMAT(1X,°CLUSTERING REPEATS®,1X,13,1X,°TIMES /1X,
1°THE FINAL nITHIN-CLASS DISTANCE IS°,1X,£20.8/)
800 CONTINUE
CLASSIFICATION SECTION
OUIPUTS: NOFC, COLOR DISPLAY RESULT
NOFD, BLACK/WHITE DISPLAY RESULT
CALL CLASS(NC)
WRITE(NOFF,1523)
FORMAT(10X,°11! COMPLETE EXECUTION OF PROGRAM SPACLR 111°)
CALL EXIT
END

[
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SUBROUTINE TO CALCULATE TRACE MATRICES OF FEATURE MATRICES
STCRED IN NOFD
SUBROUTINE DISPER
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFC,NOFD, NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK3/1IR(256),1G(256),18(256),R6B(256,3)
COMMON /BLOCK4/RGBM(2,128,3),TRACE(128)
COMMON /BLOCK6/R(256,2),6(256,2),B(256,2)
REWIND NOF1
REWIND NOF2
REWIND NOF3
RENIND NOFC
REWIND NOFD
c PROCESS THROUGH ROWS OF DATA MATRIX
00 100 I=1,NOLH
I12=1+¢I~-1
INDX1=12
INDXK2=12
INDX3=12
: DO 40 JJ=1,2
C READ 2 LINES OF EACH FILE
READ(NOF1°INDX1)(IR(K),K=1,NOP)
b D0 10 J=1,NOP
; 10 R(J,JI)=FLOAT(IR(J))
READ(NOF2 “INDX2)(IG(K),K=1,NOP)
DO 20 J=1,NOP
20 6(J,JdJ)=FLOAT(IG(J))
READ(NOF3“INDX3)(IB(K),K=1,NOP)

s EzEzKx Xz KxXKzl
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30
40

60
62

70
72

80

100

1001
1002
1003
1004

ano

DO 30 J=1,N0P

B(J,JJ)=FLOAT(IB(J))

CONTINUE

CALC''LATION THROUGH EACH SUBIMAGE

DO 80 K=1,NOPH

K1=K+K-1

K2=K1le1l

S1=0.

S2=0.

§$3=0.

DO 62 M=K1,K2

DO 60 L=1,2

S1=S1+R(M,L)

S2=52+G(M,L)

S3=S3+B(M,L)

CONTINUE

CONTINUE

RGBM(2,K,1)=S1%0.25

RGBM(2,K,2)=52*0.25

RGBM(2,K,3)=53%*0.25

S1=0.

S$2=0.

S3=0.

DO 72 M=K1,K2

b0 70 L=1,2

$1=S1+ (R(M,L)-RGBM(2,K,1))**2
$2=52¢(G(M,L)-PGBM(2,K,2))**2
S3=83+(B(M,L)-RGBM(2,K,3))**2

CONTINUE

CONTINUE

TRACE(K)=(S1+S2+453)*0.25

CONTINUE

INDXC=1

IF (10P(1).EQ.1) WRITE(6,1001)(RGBM(2,K,1),K=1,32)
WRITE(NOFC INDXC)(RGBM(2,K,1),K=1,NOPH)
INDXC=1+NOLH

IF (10P(1).£Q.1) WRITE(6,1002)(RGBM(2,K,2),K=1,32)
WRITE(NOFC“INDXC)(RGBM(2,K,2),K=1,NOPH)
INDXD=1

IF (10P(1).EQ.1) WRITE(6,1003)(RGBM(2,K,3),K=1,32)
WRITE(NOFD“INDXD)(RGBM(2,K,3),K=1,NOPH)
INDXD=1+NOLH

IF (I0P(1).EQ.1) WRITE(6,1004)(TRACE(K),K=1,32)
WRITE(NOFD*INDXD)(TRACE(K),K=1,NOPH)
CONTINUE

FORMAT(® RM°,32F4.0)

FORMAT(® GM*,32F4.0)

FORMAT(® BM®,32F4.0)

FORMAT(® TR®,32F4.0)

RETURN

END
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READ TRACE MATRIX TO FIND MAX , MIN

SUBROUTINE MAXMIN(DMAX,DMIN)
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COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFC,NOFD, NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH, NOPH
COMMON /BLOCK4/RGBM(2,128,3), TRACE(128)
REWIND NOFD

INDXD=1+NOLH
READ(NOFD“INDXD ) (TRACE(K),K=1,NOPH)
DMAX=TRACE(1)

DMIN=TRACE(1)

DO 10 J=2,NOPH

IF (TRACE(J).LT.DMIN) DMIN=TRACE(J)

\ IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)

3 10  CONTINUE

. DO 100 I=2,NOLH

T T T TR T
A A e,

3 INDXD=1+NOLH
: READ(NOFD“INDXD)(TRACE(K),K=1,NOPH)
! DO 30 J=1,NOPH

IF (TRACE(J).LT.DMIN) DMIN=TRACE(J)
IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)
30 CONTINUE
100 CONTINUE
WRI1TE(7,1001)DMAX,DMIN

AR P AR

1001 FORMAT(/® DMAX=",F12.4,° DMIN=°,F12.4)
RETURN
END
c
c - —— - - - ———
C MERGE AND DECIDE KERNEL CANDIDATE VECTORS
c
? SUBROUTINE MERGE(IMRGE,DSTEP,DMIN,LLBS)
’ REAL FIRST(60)

1 COMMON /BLOCKO/IOP(10),NUF1,NOF2,NOF3,NOFC,NOFD,NOFF
. COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
- COMMON /BLOCK2/CKV(60,3),CN0(60),FKV(30,3),FNO(30)
i COMMON /BLOCK4/RGBM(2,128,3),TRACE(128)
COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),1IBH(256)

1 1502 FORMAT(30(/° CNO(N):°,F12.1))
- 1503 FORMAT(° *FMIN, DMRGE:”",2E20.8)
: 1504 FORMAT(/° IMRGE:®,1I5)
2 1505 FORMAT(® FIRST SUBIMAGE:")
M 1506 FORMAT(® JOIN CLUSTER NL:*")
- 1507 FORMAT(® NEW CLUSTER:®)
1508 FORMAT(® LLBS.GE.60°)
1532 FORMAT(1SX, THETA®,7X,° SIGMA-SQUARE®,3X,”
MERGING-DISTANCE: "/ '
. 1 3E20.8)
M 1533 FORMAT(® K,LLBS,TRACE(K),THETA,DMRGE:°/215,3E20.8)
- REWIND NOFC
REWIND NOFD
. C FOR EACH ITERATION: ZEROC OUT THE VARIABLES
. Lo 20 J=1,60

CNO(J)=0.

Do 10 L=1,3

CKV(J,L)=0.
10 CONTINUE
20 CONTINUE
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LLBS=0

DMIN: SIGMA-SQUARE

THETA: SOME THETA

DMRGE: MERGING DISTANCE
THETA=DMIN#DSTEP*FLOAT ( IMRGE)
DMRGE=SQRT(4./3.*(THETA-DMIN))
WRITE(NOFF,1532)THETA,DMIN,DMRGE
WRITE(7,1504) IMRGE

GO THROUGH SUBIMAGES AND LABEL THEM WITH CLUSTERS
Do 300 J=1,NOLH

IF (J.6T.1) GOTO 35

J=1 ¢ CASE OF FIRST LINE OF SUBIMAGES

DO 30 K=1,NOPH

LABEL(2,K)=0

DO 30 L=1,3

RGBM(I’K’L)=OO

GOT0 45

CONTINUE

GET PREVIOUS LINE OF SUBIMAGES IN RGBM ARRAY
D0 40 K=1,NOPH

DO 40 L=1,3

RGBM(1,K,L)=RGBM(2,K,L)

CONTINUE

INDXC=J

READ(NOFC INDXC)(RGBM(2,K,1),K=1,N0PH)
INDXC=J+NOLH
READ(NOFC"INDXC)(RGBM(2,K,2),K=1,NOPH)
INDXD=J
READ(NOFD”INDXD)(RGBM(2,K,3),K=1,N0PH)
INTIAL LABEL FOR EACH SUBIMAGE

DO S0 K=1,NOPH

LABEL(1,K)=LABEL(2,K)

LABEL(2,K)=0

CONTINVUE

INDXD=J+NOLH

READ(NOFD INDXD)(TRACE(K),K=1,NOPH)

GO THROUGH IMAGES ONE BY ONE

D0 201 K=1,NOPH

IF (IDP(1).EQ.9) WRITE(7,1533)K,LLBS,TRACE(K),THETA,DMRGE
1f (LLBS.GE.60) WRITE(7,1508)

IF (LLBS.GE.60) GOTO 900

CHECK IF THE TRACE OF CURRENT SUBIMAGE > THETA
IF (TRACE(K).GT.THETA) GOTO 200

SKIP

IF (J.GT.1) GOTO 52

J=13 FIRST LINE OF SUBIMAGES

THE FIRST LINE SECTION: CONSIDERING THE NEIGHBUR
K1=2

M2=2

K1=K-1

K2=K

GO0TO 54

CONTINUE

NOT THE FIRST LINE; SO PREVIOUS LINE EXISTS
Mi=1
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nae— o

64
55

56
58

60

90

92

200
201
250

M2=2

K1=K

K2=K

CONTINUE

CHECK IF FIRST SUBIMAGE OR NOT

IF (LLBS.EQ.0) GOTO 90

IF (LABEL(M1,K1).EQ.0) GOTO 55

POTENTIAL NEIGHBOR NOT LABELLED, DIRECTLY CHECK CLUSTERS
LABEL(M1,K1l) NEIGH3OR HAS BEEN LABELLED
AND SPATIAL CLUSTERING SHOULD BE APPLIED
DIFF=0.

DIFF=DIFF+(RGBM(M1,K1,L )-RGBM(M2,K2,L))**2
DIFF=SGQRT(DIFF)

IF (CIFF.GT.DMRGE) GOTO 55

RITHIN MERGING DISTANCE ?
LABEL(M2,K2)=LABEL(M1,K1)

NL=LABEL(M1,K1)

LABEL(M2,K2)=NL

CNO(NL )=CNO(NL)+1.

DO 64 L=1,3

CKV(NL ,L)=(CKV(NL,L)*(CNO(NL)~1.)+RGBM(M2,K2,L))/CNO(NL)
60TO 200

CONTINUE

DO 58 N=1,LLBS

DIFF=0.

L0 56 L=1,3
DIFF=DIFF+(CKV(N,L)-RGBM(2,K2,L))**2
CONTINUE

FIRST(N)=SQRT(DIFF)

CONTINUE

CALL DISMIN(FIRST,FMIN,NL,LLBS)

IF (FMIN.GT.DMRGE) GOTO 90

IF (I0P(1).EQ.9) WRITE(7,1503)FMIN,DMRGE
LABEL CURRENT SUBIMAGE WITH CLOSEST CENTER
LABEL(M2,K2)=NL

UPCATE NO. OF SUBIMAGES OF CURRENT CLUSTER
CNO(NL )=CNO(NL )+1.

UPDATE MEAN VECTOR OF THIS CLUSTER

DO 60 L=ll3
CKV(NL,L)=(CKV(NL,L)*(CNO(NL)~-1.)+RGBM(2,K2,L))/CNO(NL)
CONTINUE

IF (I0P(1).EQ.9) WRITE(7,1506)

6010 200

NEw CLUSTER SECTION

CONTINUE

LLES=LLBS+1

UPDATE OF SUBIMAGES OF THIS CLUSTER
CNO(LLBS)=CNO(LLBS)+1.

UPCATE NEW CLUSTER VECTOR

Do 92 L=1,3

CKV(LLBS,L)=RGBM(M2,K,L)

CONTINUE

CONTINUFE

CONT INUE

2 LLL‘._LJ
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C CHECK CURRENT LINE®S LABELS
IF (I0P(3).EQ.1) WRITE(7,1545)(LABEL(2,K),K=1,32)
300 CONTINUE
900 CONTINUE
IF (10P(1).EQ.9) WRITE(7,1502)(CNO(N),N=1,LLBS)
IF (I0P(1).EQ.9) WRITE(7,1501)IMRGE,LLBS
WRITE(NOFF,1501) IMRGE,LLBS
1545 FORMAT(® LABEL®,3212)
1501 FORMAT(/° MERGE ITERATION:",I5,° END WITH LLBS: “,IS5/)
RETURN
END
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SUBROUTINE SORT(NCLRS)

REAL TEMP(3)

COMMON /BLOCKO/IOP(10),NOF1, NOF2, NOF 3, NOFC,NOFD, NOFF
COMMON /BLOCK2/CKV(60,3),CND(60),FKV(30,3),FNO(30)
DO 30 I=2,NCLRS

I12=NCLRS+1-1

DO 20 J=1,12

IF (CKV(J+1,1).GE.CKV(J,1)) GOTO 20

po 10 L=1'3

TEMP(L)=CKV(J+1,L)

CKV(J+1,L)=CKV(J,L)

: CKV(J,L )=TEMP(L)

H 10 CONTINUE
<

A AL AN

20 CONTINUE
30 CONTINUE
WRITE(NOFF,1533)
s 1533 FORMAT(/° SORTING CANDIDATE KERNEL VECTORS®/)
1 RETURN
* END

T0 FIND FINAL KERNEL VECTORS
LIMIT TO 10 ITERATIONS

SUBROUTINE KERVEC(NC,KK,DIS)
LIST ARRAY STORES THE TOTAL DISTANCES OF ITERATIONS
C ARRAY STORES NUMBER OF PIXELS FOR EACH CLUSTER
D ARRAY STORES TEMPORARY DISTANCES TO CLUSTER CENTERS
FOR CURRENT PIXEL BEING PROCESSED
KEAL DIST(10),FIRST(60)
s COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFC,NOFD,NOFF
; : COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH,NOPH
COMMON /BLOCK2/CKV(60,3),CNO(60),FKV(30,3),FNO(30)
i COMMON /BLOCK3/IR(256),1G(256),1B(256),RGB(256,3)
! COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),1BW(256)
1 1020 FORMAT(® IN KERVEC, KK:°,I5)
FINAL KERNELVECTORS SAVED IN FKV ARRAY
FNO STORE NO. OF PIXELS IN EACH CLUSTER
K-MEANS ALGORITHM
10-JUN~82 CORRECT IMPLEMENTATION
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c REFERENCE: TOU AND GONZALEZ,*™ PATTERN RECOGNITION
c PRINCIPLES™, PP.94-97

DO 12 N=1,NC

FNO(N)=CNO(N)

CNO(N)=0.

0o 10 L=1,3

FKV(N,L )=CKV(N,L)

CKV(N,L)=0.
10 CONTINUE

. . 12 CONTINUE
JI c NO. OF ITERATIONS LIMIT TO 10
] DO 500 KK=1,10
- WRITE(7, 1020)KK
o BRITE(NOFF,1020)KK
i DO 15 N=1,KC
5 15 FNO(N)=0.
REWIND NOF1

REWIND NOF2
REWIND NOF3
REWIND NOFD
FOR EACH ITERATION:
REwWIND THE FEATURES FILES: R , G , B COMPONENTS
REWIND THE TEMPORARY CLASSIFI1ED RESULT FILE, NOFD
CLASSIFYING STANDARDS IN FKV ARRAY
AT THE SAME TIME, COLLECTING THE NEW CENTERS IN CKV ARRAY
I.E., UPDATING THE KERNEL VECTORS BY CURRENT CLUSTERING
ICOLOR ARRAY STORES CLASSIFIED RESULT OF CURRENT LINE
DO 200 I=1,NCOL
INDX1=1
READ(NOF1“INDX1)(IR(K),K=1,NOP)
INDX2=1
READ(NOF2°INDX2)(IG(K),K=1,N0OP)
INDX3=1
READ(NOF3°INDX3)(1B(K),K=1,NOP)
Do 20 J=1,NOP
RGB(J,1)=FLOAT(IR(J))
KGB(J,2)=FLOAT(IG(J))
RGB(J,3)=FLOAT(IB(J))
20 CONTINUE
C GO THROUGH PIXELS TO LABEL THEM WITH CLUSTERS
DO 100 J=1,NOP
DO 40 N=1,KNC
SUM=0.
DO 30 L=1,3
30 SUM=SUM+(RGB(J,L)~-FKV(N,L))**2
40 FIRST(N)=SQRT(SUM)
CALL DISMIN(FIRST,FMIN,NN,NC)
ICOLOR (J)=NN
CNO(NN)=CNO(NN)+1.
CURRENT PIXEL wAS FOUND CLOSER TO NN-TH CLUSTER
THE FEATURES SHOULD BE INCLUDED TO UPDATE THE NN-TH
KERNEL VECTOR
DO 70 L=1,3
CKV(NN,L)=(CKV(NN,L)*(CNO(NN)=-1.)+RGB(J,L))/CNO(NN)
CONTINUE
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200

250
260

1503

1506

1504

500
900
1005
1505
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INDXD=1

IF (I0P(2).EQ.1) WRITE(7,1505)(ICOLOR(K),K=1,64)
WRITE(NOFD INDXD)(ICOLOR(K),K=1,N0P)

CONTINUE

CURRENT IN CKV; STORE IN FKV TO BE USED TO CLASSIFY
IN ROUTINE DISTAN, AND WILL GIVE TOTAL DISTAMCE
DO 260 N=1,NC

FNO(N)=CNO(N)

CNO(N)=0.

DO 250 L=1,3

FKV(N,L)=CKV(N,L)

CKV(N,L)=0.

CONTINUE

CONTINUE

WRITE(NOFF,1503 )((FKV(N,L),L=1,3),N=1,KC)
FORMAT(/10X,“CHECK FKV: °/

130((5X,3E20.8)/))
WRITE(NOFF,1506)(FNO(N),N=1,NC)

FORMAT (" OF PIXELS IN EACH CLUSTER:“/

1 30(/F12.1))

ARKRAR RN

CALL DISTAN(NC,DIS)

ARNRARRR

DIST(KK)=DIS

WRITE(7,1504)DIST(KK),KK
WRITE(NOFF,1504)DIST(KK),KK

FORMAT(/® IN KERVEC: DIST(KK)=°,E20.8,° KK=°,12/)
IF(KK.EQ.1)60 TO 500
RATIO=(DIST(KK)-DIST(KK~1))/DIST(KK~-1)
MR ITE(NOFF,1005)RATIO

IF (ABS(RATIO).LT.0.001) GOTO 900
CONTINUE

CONTINUE

FORMAT(° RATIO IN KERVEC:“,E20.8)
FORMAT(® COLOR:°,6411)

RETURN

END

USE CURRENT KERNEL VECTORS TO CALCULATE THE TOTAL
DISTANCE OF THE IMAGE

NC: NUMBER OF CLUSTERS

DISTOT: ( RESULT ) TOTAL DISTANCE

SUBROUTINE DISTAN(NC,DISIOT)

COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFC,NOFD, NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH, NOPH

COMMON /BLOCK2/CKV(60,3),CNO(60),FKV(30,3),FNO(30)
COMMON /BLOCK3/IR(256),16(256),18B(256),RGB(256,3)
COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),1Bu(256)
DISTOT=0.

REWIND NOF1

REWIND NOF2

REWIND NOF3

REWIND NOFD




TR s -

APPENDIX SPACLR.FOR

DO 200 I=1,NOL

INDXD=I
READ(NOFD“INDXD)(ICOLOR(K),K=1,NOP)
INDX1=1

READ(NOF1“INDX1)(IR(K),K=1,NOP)

INDX2=1

READ(NOF2°INDX2)(IG(K),K=1,N0OP)

INDX3=1

READ(NOF3“INDX3)(IB(K),K=1,NOP)

C STORE FEATURE VECTOR IN WORKING VARIABLE X

; DO 10 K=1,NOP
- RGB(K,1)=FLOAT(IR(K))
N RGB(K,2)=FLOAT(IG(K))
RGB(K,3 )=FLOAT(IB(K))
10 CONTINUE
DO 100 J=1,NOP
NCLSR=ICOLOR(J)
SUM=0.
Do 30 L=1,3
SUM=SUM+(RGB(J,L)~-FKV(NCLSR,L))**2
30 CONTINUE
DISTOT=DISTOT+SQRT(SUM)
100 CONTINUE
200 CONTINUE
WRITE(NOFF,1501)DISTOT

1501 FORMAT(/° IN DISTAN: DISTOT = ",E20.8/;
RETURN
END
c - - - -
c
c
C USE THE FINAL KERNEL VECTORS TO CLASSIFY THE IMACE
C INTO CLUSTERS ( SUBREGIONS )
c

SUBROUTINE CLASS(NC)
REAL FIRST(60)
COMMON /BLOCKO/ IOP(10),NOF1,NOF2,NOF3,NOFC,NOFD,NOFF
COMMON /BLOCK1/NOL,NOP,NOL2,NOP2,NOLH, NOPH
COMMON /BLOCK2/CKV(60,3),CNO(60),FKV(30,3),FN0(30)
COMMON /BLOCK3/IR(256),16(256),1B(256),RGB(256,3)
COMMON /BLOCKS/LABEL(2,128),ICOLOR(256),1B¥(256)
WRITE(NOFF,1505)
1505 FORMAT(/° IN CLASS:°/)

WR ITE( 7,1501)(‘?"‘",‘.),[.:1’3)'“31.'”(:)
WRITE(NOFF,1501 )((FKV(N,L),L=1,3),N=1,NC)

- 1501 FORMAT(10X,” FINAL KERNEL VECTERS :°/(30(5Xx,3E20.8/)))

’ 1509 FORMAT(1X,6411)
c USE FINAL KERNAL VECTORS TO CLASSIFY THE PICTURE
C NOFC: INTEGER OUTPUT; NOFD: REAL OQUTPUT

REWIND NOF1
REWIND NOF2
REWIND NOF3
REWIND NOFC
REWIND NOFD
RANGE OF FINAL RESULT 0..180
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APPENDIX SPACLR.FOR

FACT=180. /FLOAT(NC)
DO 200 I=1,NOL
INDX1=1I
INDX2=1
INDX3=1
READ(NOF1°INDX1)(IR(K),K=1,NOP)
READ(NOF2“INDX2)(16(K),K=1,NOP)
READ(NOF3 *INDX3)(IB(K),K=1,NOP)
DO 10 J=1,NOP
RGB(J,1)=FLOAT(IR(J))
RGB(J,2)=FLOAT(IG(J))
RGB(J, 3)=FLOAT(1B(J))
10  CONTINUE
DO 100 J=1,NOP
DO 40 N=1,NC
SUM=0.
DO 30 L=1,3 |
SUM=SUM+(RGB(J,L)-FKV(N,L))*%2
CONTINUE
FIRST(N)=SQRT(SUM)
CONTINUE
DISTANCES TO FINAL KERNEL VECTOS OF NC CLUSTERS
FROM CURRENT PIXEL ARE STORED IN DIS ARRAY,
CALLING SUBROUTINE DISMIN TO FIND TO WHICH CLUSTER
THE CURRENT PIXEL IS CLOSER ( MINIMUM DISTANCE ).
THE RESULT IS KMIN-TH CLUSTER
CALL DISMINCFIRST,SMIN,NMIN,NC)

w
o O

T0 BE IN REASONABLE CRAY LEVEL RANGE
IBW(J)=INT(FLOAT(NMIN)*FACT)
COLOR DISPLAY PURPOSE: AN INTEGER IN RANGE 1 TO 7
ICOLOR(J)=NMIN
100 CORTINUE

INDXD=1

WRITE(NOFD°INDXD)(IBW(K),K=1,NOP)

INDXC=1I

R ITE(NOFC INDXC)(ICOLOR(K),K=1,M0P)

IF (I.LE.64) WRITE(7,1509)(ICOLOR(K),K=1,64)

IF (I.LE.64) WRITE(NOFF,1509)(ICOLOR(K),K=1,64)
200 CONTINUE

G a0 aaoaanad

RETURN

END
C
c - e - abey - e - - e - e e
c

SUBROUTINE DISMIN(DARRY,DATMIN,NOMIN,NCLSTR)
c PASS DARRY ARRAY WITH NCLSTR ELEMENTS MEANINGFUL
c SEARCH FOR THE MINIMUM ELEMENT, NOMIN-TH ELEMENT,
c WITH VALUE DATMIN; PASS BACK DATMIN AND NOMIN BACK
C CALLING ROUTINE

REAL DARRY(60)

DATMIN=DARRY (1)

HOMIN=1
C ASSUME THE FIRST ELEMENT IS THE MINIMUNM
c THEN GO THROUGH THE REST OF THE ARRAY TO FIND ANY SMALLER

CER RN A R Rl AR I U L I A ]
ERSE Bl T S .
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BLACK AND WHITE DISPLAY PURPOSE: NEEDS TO MULTIPLY A FACTOR
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APPENDIX SPACLR.FOR

IF (NCLSTR.EQ.1) GOTO 900
DO 100 I=2,NCLSTR
IF (DARRY(I).GE.DATMIN) GOTO 100
DATMIN=DARRY(I)
NOMIN=1
100 CONTINUE
900 CONTINUE
RETURN
END
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